The purpose of this study is to characterize differences in EEG collected under stationary conditions and that collected in mobile settings. EEG activity has not been evaluated in operational settings due to difficulties associated with processing of EEG in real-world settings such as real-time removal of artifacts, operational environments, and possible differences in EEG frequency associated with mobility. Utilization of EEG measures of cognitive activity in dynamic environments demands the use of real-time algorithms of signal decontamination and characterization of specific components of EEG activity. In this study, EEG was collected and filtered in real-time in a set of controlled stationary scenarios and similar mobile scenarios in order to characterize differences in EEG power, electrode locations, and individual differences under mobility while participants performed tasks of variable difficulty. Results illustrate that the lack of systematic differences in EEG spectral power associated with mobility may point to feasibility of successful collection and analysis of EEG activity in such settings.
INTRODUCTION
Psychophysiological research has been traditionally conducted in laboratory settings which made it impossible to generalize tasks and conditions to operational environments. Such generalization has been a challenge for psychophysiological research and has not been explored; however it is necessary in order to capture complexity of tasks encountered in operational environments and employ real-time methods to measure and characterize human cognitive activity in such settings (Gevins and Smith, 2003) .
One of the measures of cognitive activity, EEG measures, have been widely used in multi-task environments (e.g., Wilson, Lumbert and Russell, 2000; , specifically as applied to measurement of working memory, workload, alertness, and attention. Furthermore, EEG frequency components have been consistently correlated with variable task difficulty (e.g., Gevins et al., 1998 Gevins et al., , 2003 Gevins and Smith 2000; Wilson and Hankins, 1994; Sterman, Kaiser, Mann, Seyenobu, Beyma and Francis, 1993; Veigel and Sterman, 1993) .
Operational environments (e.g., military) are not stationary and often demand simultaneous cognitive and physical activity. For instance, difficulties related to processing of EEG signals in real-world settings include factors associated with both subject motion and the operational environment itself. Specifically, artifacts related to subject motion include high frequency muscle activity and ocular artifacts; whereas artifacts related to the operational environment include instrumental artifacts (e.g., 60 HZ electrical noise) that create interference with the EEG signal (Kramer, 1991) . Thus, utilization of research methods involving EEG in operational environments necessitates the use of realtime algorithms for signal detection and removal of artifacts. Although real time signal processing and classification of the EEG has been implemented previously (Gevins and Smith 2003; Berka et al., 2004) , it has not been realized in a mobile environment.
In addition to artifacts, other issues might have prevented practical application of EEG to measurement of cognitive activity in applied settings. First, there might be systematic differences in EEG power between mobile and non-mobile environments, such as differences in EEG power at various frequency bands. Second, EEG might vary between channels from which it is collected. Third, EEG frequency is known to be highly sensitive to individual differences (Gevins and Smith, 2000) .
The issues described above will be examined more closely in the context of two studies. The overall purpose of this study is to characterize EEG activity in a dynamic mobile environment, specifically focusing on differences in EEG collected in controlled and mobile settings. Results of the first study which was implemented in a completely mobile setting and pointed to potential differences in the EEG signal associated with mobility served as the basis for a more detailed comparison of EEG activity in both stationary and mobile settings. Therefore, in the second study, EEG data was collected and decontaminated in real-time in both a set of controlled stationary scenarios and a set of similar mobile scenarios in order to characterize changes in EEG power to both mobility and task difficulty. Differences in EEG spectral power between EEG frequency bands, electrode locations and tasks of variable difficulty, would be indicative of the electrophysiological changes underlying changes in cognitive state as a function of mobility.
METHOD -STUDY 1 Apparatus
EEG data was collected wirelessly in real-time using the ActiveTwo system (Biosemi). During mobility scenarios, the hardware (fiber connected A-D box and USB receiver) was stored in a backpack on the subject. The hardware system was battery powered and weighed 1.1 kg. The BioSemi active electrode headcap (32 sensors) was placed on the head and connected to the hardware in the backpack via a 140 centimeter electrode cable. The BioSemi hardware system was connected to a laptop computer stored in the subject's backpack through a USB2 link. Remote wireless communication was established between the laptop in the backpack and a base-station PC via an 802.11 connection and a wireless router. EEG signals were collected from 32 channels at 256 samples per second.
Task
EEG data was collected while subjects performed dynamic military scenarios in an area. The task required a platoon leader to complete a mission while moving with a teammate toward an objective. They also monitored radio communications to manage the activities of other simulated squads that reported to this platoon leader. In addition to remembering the mission details and managing other squad operations over the radio, the platoon leader had to monitor his/her immediate surroundings for enemy activity and fire on enemy if identified. Subject activities (e.g., walking, kneeling) and tasks (e.g., fighting, navigating) were logged in real time by the experimenter. Activities were defined as physical such as stationary while waiting for a message or walking and did not demand task specific concentration, whereas tasks required utilization of cognitive resources such as following a path when navigating, and visual search when fighting. Since the purpose of this analysis was to characterize differences in EEG between mobile and stationary tasks, data collected during the scenario was divided into four sets based on the logged activities -moving/walking, stationary/upright, fight, and navigate. Approximately 200 seconds of EEG data was extracted per each activity of interest and used for analysis.
Data processing and analysis
EEG data for each task was preprocessed to remove eye blinks using an adaptive linear filter. Information from the vertical ocular sensor was used as the noise reference source and input to the filter. DC drifts were removed using a high-pass filter (0.5Hz cutoff). A bandpass filter (between 2Hz and 50Hz) was also employed to extract frequency components traditionally associated with cognitive activity. EEG log power spectral magnitudes were obtained for each second of data using Fast Fourier Transform (FFT). The successive artifact-free 1-second epochs were then averaged to yield an average power spectrum for each task condition. FFT estimates were used to compute the mean spectral power at the following frequency bands: low theta (2-5.5HZ), high theta (6-7.5Hz), low alpha (8-10HZ), high alpha (10.5-12.5), low beta (13-15.5HZ), beta (16-20.5HZ), high beta (21-50HZ). The log power transformed EEG data was divided into ten seconds, i.e. 10 one-second segments at a time. To create continuity in sampling, the data was then subjected to a 50% overlap.
A fully connected feedforward backprogpagation neural network was used to discriminate between the four activities. FFT estimates at 32 channels and five frequency bands served as inputs to the neural classifier. Thus, the network consisted of 224 features in input space, two hidden layers and a four neuron output layer corresponding to the four states of interest. The network was trained with a resilient backpropagation training algorithm with approximately 2/3 of the data from each task and tested with 1/3 of the data.
RESULTS
Classification accuracy based on filtered EEG signal across all the tasks during testing was 82%. Percentage of data classified correctly in each task condition and activity (e.g., percentage of data in walking condition classified as walking) was moving/walking = 100%, stationary/upright =100%, fight = 34.37%, navigate = 81.84%.
DISCUSSION
These results, specifically, very high classification accuracy between stationary and moving task conditions indicate that there are differences in the EEG signal associated with mobility. Moreover, lower classification accuracy for tasks that contain elements of both walking as well as standing confirms that there might be systematic differences in EEG characteristic of mobile and stationary tasks. Similarly, lower classification accuracy for tasks which require both physical and mental effort in comparison to physical activities implies that task difficulty might be associated with EEG differences.
METHOD -STUDY 2 Apparatus
EEG data was collected wirelessly at 256 samples per second in real-time using Advanced Brain Monitoring (ABM) system. The battery-powered wireless EEG sensor headset supported data collection from six electrodes (F3, C3, P4, Poz, FzPo, and CzPo). Signals were amplified, digitized and RF transmitted via a portable unit placed on the back of the head as part of the headset.
Data processing and analysis
EEG data was preprocessed as in study 1; however artifacts were identified and removed automatically in real-time. Powers spectral densities (PSD) associated with each channel were calculated in real-time using the Welch method (Hayes, 1996) , with 1-second windows sharing 50% overlap. PSD estimates were used to compute the mean spectral power at the following frequency bands: 4-8Hz (theta), 8-12Hz (alpha), 12-16Hz (low beta), 16-30Hz (high beta), and 30-44Hz (gamma).
For composite analysis, data collected from 6 channels was filtered and converted to PSD values in real time. Mean PSD values for each channel, each frequency band, each workload level (low, high) and each condition (stationary, mobile) were computed for each participant. A 5 (subjects) x 6 (channels) x 5 (bands) x 2 (workloads) x 2 (condition) repeated measures analysis of variance (ANOVA) was performed on PSD data collected during stationary and mobile trials.
Task
The tasks were designed to increase cognitive workload by progressively increasing demands on working memory and visual spatial attention by varying rates of information presentation between different task conditions. The rates were pilot tested prior to the experiment in order to validate that task difficulty raised and lowered workload significantly and produced changes in performance. Subjects performed three tasks simultaneously under two conditions: stationary and mobile:
• Maintain Counts • Mission Monitoring
• Math Task
Maintain radio counts. The company commander relayed messages to his or her three platoon leaders. The participant was one of those platoon leaders. The messages contained reports of civilians, enemies, or friendlies spotted. The subject kept a running total of civilians, enemies, and friendlies reported to him or her, while ignoring the counts reported to the other two platoon leaders. Periodically the subject was prompted to report his or her counts. The task load was varied by varying the rate of incoming messages.
Mission monitoring. Three squads moved in bounded overwatch, where one squad moved while the other two squads protected the moving squad. The subject kept track of location of three squads as they reported in their status. When all three squads had reported that they were in position (two squads ready for overwatch and one squad ready to move), the subject had to order the appropriate squad to move forward. The task load was varied by varying the rate of incoming messages. There was no direct mitigation strategy for this task; however, when resources were freed up because of the mitigations to the other two tasks, performance in this task should not have degraded as task load was increased.
Tertiary mathematical task. A series of math problems was periodically presented to the participants as an interruption task during the scenario. The subject had a pre-determined amount of time to finish the math task. This task was representative of any type of unanticipated interrupt that required significant cognitive resources and an immediate response from the platoon leader.
Procedure
Training trials. There were two components to the training that had been conducted before the subject performed the experimental trials. The purpose of the first training session was to ensure that all subjects had a basic familiarity and proficiency with all the tasks they were to perform in the experiment. To maximize the experimenters' time and the time spent collecting data on the day of the experiment, this training and all the paperwork associated with the evaluation was completed prior to the day of data collection. No more than one week's time elapsed between the training and experimental data collection. The participants also had a chance to practice the tasks on the day of the experiment.
Experimental trials. The experiment looked at two independent variables: mobility (stationary vs. mobile) and workload (high vs. low). Subjects first performed a stationary trial, followed by a mobile trial. Subjects remained standing in place for the stationary trials. In the mobile trials, subjects traversed a simple known route at a slow, steady pace. Both trials occurred outdoors. Within a stationary or mobile trial were blocks of high workload and low workload, representative of the two extremes of task difficulty. Workload was manipulated by varying the rate (i.e. task load) of incoming messages in the Maintain counts and Mission monitoring tasks.
Participants
Five male participants (mean age = 28.6 years) were recruited for the study on a volunteer basis. All participants were employees of Honeywell Labs and were paid for their participation in the study.
RESULTS
Composite analysis of PSD data indicated significant differences between spectral power of EEG bands with theta, alpha and beta being predominantly larger in power for all participants across all task conditions, F(4, 4) = 40.96, p<.05. Similar overall differences were found between stationary and mobile conditions where EEG power was higher in mobile conditions in comparison to that in the stationary trials, F (1, 4) = 23.94, p<.05. Furthermore, EEG activity varied between channels for all participants across all experimental conditions, F (5, 4) = 22.95, p<.05.
A channel by band interaction indicated that EEG activity between each of the bands changed between the channels for all participants across task conditions, F (20, 80) = 19.08, p<.05. Although no significant changes in EEG spectral power between EEG bands were found in stationary and mobile conditions and in high and low workload tasks, mean spectral power for each task condition, task load, channel and EEG band are shown in Figures 1-4 . Similar patterns of EEG activity between mobile and stationary conditions in the low workload task can be seen by examining Figures 1 and 3 . EEG power spectra in the high workload task are illustrated in Figures 2 and 4 .
DISCUSSION
This study illustrates the feasibility of real-time collection and artifact removal of electrophysiological signals in mobile settings. Real time removal of artifacts is necessary if EEG measures of cognitive activity are to be employed with the purpose of classifying human cognitive activity in dynamic operational environments. Results of comparison of changes in the spectral EEG did not yield systematic frequency components that can be associated with mobility. However, this finding indicates that changes in spectral power between stationary and non-stationary conditions may be insignificant and thus points to the viability of its application in mobile environments.
Given that EEG signals of adequate quality can be obtained, this initial characterization would be most informative for the purposes of generalizing results from laboratory to operational environments and transitioning to successful collection and analysis of EEG as it is related to assessment of human cognitive activity in operational environments. 
